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This paper investigates a methodology for adaptation of the mutation factor within an Evolutionary Algorithm by means of measuring the improvement differential between successive generations. When no improvement is obtained in an Evolutionary Algorithm and it has not located the global optimum, it is an indication that the algorithm may have become trapped within a local minimum or maximum. Mutation is a tool within the algorithm that is designed to assist in escaping from these local extremes. It is therefore the premise of this paper that if the preset value for mutation probability is proving insufficient to release the algorithm from entrapment in a local minima or maxima, then a temporary increase in this mutation probability may assist in freeing the algorithm and therefore increasing its chances of ultimately converging on a global optimum.

In order to determine when to implement the increase in mutation probability our algorithm measures the fitness improvement between successive generations in the algorithm. When no improvement is detected for a number of successive generations the probability is increased.

The Design Structure Matrix (DSM), a scheduling tool, that has previously been optimized via the application of Evolutionary Algorithms has been used as a practical implementation of differential adaptation to investigate it's effectiveness in solving real Within an Evolutionary Algorithm the mutation operator is utilized to generate diversity within the algorithms search. This diversity is required to prevent premature convergence on local optima (minima or maxima). As can be seen from Figure 1 below Evolutionary Algorithms can easily converge prematurely on these local optima by obtaining local improvement.

Figure 1 -Trapping at Local Optima (minimising algorithm).

Mutation is effected by randomly selecting genes within the chromosomes and changing their values, the probability of selecting a chromosome to undergo mutation is normally an input variable provided at run time. This mutation probability needs to provide sufficient variety to the algorithm to allow the search space to be thoroughly investigated for global optima whilst being limited sufficiently to allow the algorithm to converge on such optima once these have been detected. These two conflicting requirements need to and Rahli, 2006).

Whilst studies into optimizing these variables prior to execution will ultimately improve the performance of the algorithm, they do not allow for the dynamic state of the algorithm during processing. Ideally the mutation probability needs to adapt its value according to it's position in the search space i.e. when trapped in a local optima it should increase in order to widen the algorithms search but when not trapped the mutation probability should be low enough to allow the algorithm to converge towards a possible global optimum. In order to achieve this, the technique described in this paper as 'fitness differential adaptive parameter control' is employed.

Previous research which has applied evolutionary algorithms to optimization of the Design Structure Matrix (DSM) is reviewed in section 2. Evolutionary algorithm parameter settings in general are discussed in section 3. The structure and functionality of the fitness differential adaptive parameter control evolutionary algorithm is then discussed in detail in section 4.

The Design Structure Matrix has been selected as the application for the algorithm due to other research being conducted by the authors into the use of evolutionary algorithms for schedule optimization. The Design Structure Matrix is described in section 5. 2. Review of previous research applying Evolutionary Algorithms to the DSM. [START_REF] Rogers | Ordering Design Tasks based on Coupling Strength[END_REF][START_REF] Rogers | Integrating a Genetic Algorithm into a Knowledge-Based System for Ordering Complex Design Process[END_REF] implemented a genetic algorithm into NASA's DSM tool 'DeMAID' (Design managers aid to intelligent decomposition) to optimise the sequence of activities in the DSM in order to minimise the impact of iteration, which requires the DSM to be moved as close as possible to becoming lower-triangular (see section 5 for further discussion). Satisfying this objective has the effect of minimising the overall duration of the project (make span) and therefore reduces the overall time dependant cost.

DeMAID applies duration and cost to the individual tasks but minimization of these two characteristics is not used as an optimization objective, they are merely applied to the iteration minimal matrix.

Todd (1997) considered the maximisation of concurrency as well as the minimisation of iteration. As Todd details, the maximization of concurrency within the DSM is effected by moving as many of the links as close to either the left hand side of the matrix, or alternatively to the bottom edge of the matrix. On first consideration this may seem compatible with the lower triangularisation required by minimization of iteration and indeed the two could be mutually achieved, however the network logic will often deny satisfying both objectives and having a high percentage of links aligned with the left edge of the matrix may cause the small number of remaining links high into the upper triangle obstructing the objective of minimum iteration. The body of existing research in this area is relatively small compared to the work that has been conducted in applying evolutionary algorithms to traditional scheduling networks.

Parameter Settings.

A lot of work has been invested in the study of optimal settings for the operating parameters for Evolutionary algorithms. Parameter setting can be executed in two main modes prior to run and during run. Ursem (2003) and [START_REF] Eiben | Parameter Control in Evolutionary Algorithms[END_REF] both provide taxonomies for Parameter setting, which follow the same basic structure with some minor terminology differences, we provide the taxonomy as per [START_REF] Eiben | Parameter Control in Evolutionary Algorithms[END_REF] in Figure 2 Parameter Control is concerned with the modification of parameters during the run time of the algorithm there are a number of methods by which this can be achieved:

• Deterministic.

• Adaptive.

• Self-Adaptive. Deterministic control involves the modification of the algorithm according to a preselected schedule or function, that is, no feedback is received from the values produced by the algorithm during its run-time. As this method receives no-feedback it is not able to adapt according to the current state of optimization. Our aim is to produce an algorithm that detects and escapes from trapping in local optima, so this method will not be suitable.

Adaptive Control is achieved by modifying parameters based on the values yielded by the algorithm during its run time. Adaptive control reacts to feedback from the algorithm and is the method of control we have selected for the algorithm presented in this paper.

Self-Adaptive Control is obtained by extending the chromosome by additional genes.

These genes are evolved during the execution of the algorithm along with the rest of the chromosome. Through this method the best settings for parameters can be evolved during run time. The nature of this method of control is that of progressive refinement, we aim to produce an algorithm that reacts quickly to the trapping and temporarily modifies its behavior to suit, so again this method is not suitable to our research. Sewell et al. (2006) utilized self-adaptation in their 'rank-scaled mutation rate' genetic algorithm. This algorithm, applied to the traveling salesman problem, adapted the mutation probability of each chromosome dependant on the individual's fitness. Sewell et al. concluded that their algorithm performed competitively in problems where many local optima were present. Two further classifications of adaptive parameter control should be discussed here, the first is concerned with the source of control, that is which algorithm generated data is used to drive the parameter changes. This could be any number of measures; in the algorithm presented in this paper we are concerned with preventing premature trapping of the algorithm within local optima. A characteristic of such a trapped algorithm is that its fitness will not improve whilst it is trapped in the local optimium, therefore for this algorithm we have chosen to use a measure of fitness improvement over a number of successive generations to be the driving measure.

Last but not least we need to define what aspect, or parameter of the algorithm is being adapted. In order to prevent trapping diversification of search is required, this is most effectively achieved via increased mutation rate and therefore mutation rate has been identified as the object of adaptation in this algorithm.

Due to this classification system we have termed the algorithm utilised here a Fitness Differential Adaptive Parameter Control Evolutionary Algorithm (FDAPCEA). The structure of this algorithm is discussed in the following section.

Fitness Differential Adaptive Parameter Control Evolutionary

Algorithm (FDAPCEA) for the DSM. The best fitness for each generation is stored in a vector, after the pth generation, the previous p generations fitness values are inspected and compared, if no improvement is detected across the p generations, the mutation probability is increased by a factor δ. This causes a large amount of mutation, increasing the spread of the search. If a better solution is found, the best fitness will have increased and the mutation factor will return to normal. If no improvement is found the mutation factor will remain at the increased level, widening the search again for the following generation.

This process aids the algorithm to escape from local minima and is employed only when the algorithm detects the possibility that it has become, or is likely to become trapped.

Two variables have been identified in the above discussion; p the number of generations for which the algorithm will allow no improvement before applying increased mutation and δ the factor by which the mutation probability is increased after the period p with no improvement. For purposes of this discussion, p is termed the differential period and δ the differential factor.

Due to the combinatorial nature of the problem the algorithm uses 'real' encoded chromosomes, the operators are therefore also of the real encoded type. As the Fitness measurement is application specific, discussion of this component is postponed to section 5.1 after discussion of the DSM in general.

Selection.

The algorithm uses Roulette selection as described by [START_REF] Goldberg | Genetic Algorithms in Search, Optimisation and Machine Learning[END_REF].

Crossover.

Two types of crossover operator have been used in this work; two-point centre crossover and independent position crossover.

4.3.1 Two-point centre crossover.

In the two-point centre crossover operator (Murata, 1997), two Random points are selected on the first parent chromosome. Genes falling inside these two points are transferred directly to the child chromosome. The remaining genes from the first parent are transferred to the child chromosome in the order they occur in the second parent. This is shown diagrammatically in Figure 4. This process is then repeated working from the second parent to produce a second child.

For the solutions to the problems discussed in section 6, the crossover factor was set to 0.7.

Independent Position Crossover.

The second method of crossover employed is Independent position crossover. This method of crossover applies a probability of 0.5 to each gene of being transferred directly from the first parent to the child. The values that have then not been transferred to the child due to this process are then added in the order they occur in the second parent.

Figure 5 below shows this process graphically. For the solutions to the problems discussed in section 6, the mutation factor was set to 0.07.

The Design Structure Matrix.

The Design Structure Matrix (DSM) is a scheduling tool, which caters for iteration between tasks. As its name suggests the DSM is formed as a square matrix (number of columns equals number of rows) with the task being listed along both the horizontal and vertical axis, the task itself being represented by the respective block on the diagonal.

This diagonal listing of tasks divides the matrix into two triangular portions, the lower triangle being used for the mapping of forward feeding task links and the upper triangle for backward feeding (iterative) task links. This is shown diagrammatically in the Figure 6below: The larger the iterative loops present in the schedule the greater its duration is likely to be and the more assumptions that need to be made during design. It is therefore desirable to optimize the sequence of execution in order to minimize iteration. Within the DSM minimizing iteration equates to moving the DSM as close as possible to being lower triangular, that is, all the links sitting in the feed forward (lower) portion of the matrix.

This can be clearly seen as a combinatorial problem, a class of problems that have successfully had Evolutionary techniques applied to them (for example the Traveling Salesman Problem). Indeed a number of researchers have applied Evolutionary algorithms successfully to the DSM as discussed in section 2 above.

Fitness Measurement in the DSM.

As already discussed the objective of this algorithm is to minimize iteration, this is characterized by moving the matrix as close as possible to being lower triangular, that is the feed back links either need to be within the lower triangle or failing this as close as possible to the diagonal. The measure of fitness can therefore be determined by summing the distance from the diagonal of all the feedback links i.e. links in the upper triangle.

The measure of Total fitness is therefore given by: ( ) Letting n be the number of activities in the upper triangle, w be the feedback value (in this case always 12 ) and x and y being the position in the sequence of the predecessor and successor respectively i.e. the distance from the diagonal.

6. Results obtained with FDAPCEA.

Standard Problems used for comparison.

Project scheduling problem (PSP) libraries such as PSPLIB [START_REF]PSPLIB: A Project Scheduling Problem Library[END_REF], normally utilized for benchmarking of PSP, do not provide problems with iterative links; therefore to provide a benchmark for this algorithm the problems considered by Todd (1997) are utilized. Todd uses three problems:

• KUSIAK '91 -A twelve-activity schedule.

• STEWARD '81 -A twenty-activity schedule.

• AUSTIN '96 -A fifty-one-activity schedule -In this case the original DSM was not provided, Todd therefore sought further improvement of the solution offered by Austin. For comparative purposes the same approach has been taken here.

The original authors offered solutions to each of their respective problems. These solutions used methods other than evolutionary techniques. The best values obtained for these problems before Todd's (1997) Total Fitness (Iteration) = 6 The algorithm yielded a number of different solutions with a total fitness of 6. Figure 7 shows the solution to the KUSIAK '91 problem and Figure 8 indicates that the solution is typically arrived out without any significant periods being 'trapped' in local minima. The best solution to this DSM yielded by Todd was also 6.
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The best solution produced by the algorithm for this DSM was a total fitness of 24; this result is also equal to the best result reported by Todd. The result produce for the AUSTIN '96 DSM was a total fitness (iteration) of 157 an improvement of 1 over Todd's single objective algorithm result of 158.

The Improvement graph for the algorithm for this solution is shown below in Figure 12.
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The effectiveness of the FDAPCEA compared with the original results and the results of Todd (1997) 

Conclusions.

This paper has demonstrated the application of adaptive parameter control based on the differential improvement in fitness between successive generations. It has shown in general that this technique used in conjunction with basic genetic operators can provide optimization of the DSM to at least the currently best-known solutions. The FDAPCEA has demonstrated its effectiveness here by being able to equal bestknown solutions to the benchmark problems, without becoming trapped in local optima.

Applicability of Evolutionary

The authors believe that this warrants further investigation and experimentation into the use of adaptive parameter control in genetic algorithms. The algorithm has thus also shown its specific suitability to the DSM type scheduling problems.

Further Research and Potential Applications

In order to increase the practical applicability of this research it is intended to extend the application of this algorithm to the precedence network PSP. The algorithm has shown its suitability to the PSP problem (see [START_REF] Lancaster | Evolutionary Algorithms applied to Project Scheduling Problems -A survey of the state-of-the-art[END_REF] and the authors believe there is practical application of this technique to real world project scheduling problems. Our on-going research will investigate application of the FDAPCEA to real world Resource Constrained Project Scheduling Problem (RCPSP) as well as special cases of the RCPSP.

In the current form the solution to the Design Structure Matrix can be utilised to improve the design process minimising iteration due to the interaction between various disciplines and information sources. 

  in order to ensure optimization takes place. A number of studies have been undertaken to determine the optimum probability settings for these variables, for various applications, techniques such as Taguchi's design of experiments (DOE) have been employed for this purpose (Younes

  , the tests and the achieved results are discussed in section 6 and conclusions and suggestions for further work discussed in sections 7 & 8 respectively.
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  Figure 11 -Resultant DSM (AUSTIN '96).

  Figure 12 -Algorithm improvement over successive generations (AUSTIN '96).

  Algorithms to the solution of the DSM. The work by Todd (1997) as well as the work presented in this paper has clearly demonstrated the suitability of evolutionary algorithms to the solution of the DSM. Evolutionary Algorithms have shown in both these works to produce results better than those produced by other non-Evolutionary methods.
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Table 1 -

 1 work are given in Table 1 below: Best non-evolutionary solutions.

	Problem	Best solution
	KUSIAK '91	7
	STEWARD '81	93
	AUSTIN '96	320
	F o r 6.2 Results obtained with the FDAPCEA.	
	P	
	e e r	
	R e v i e w
		O n
		l y
	18	
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  as shown below in Table2.
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	*Todd later found a solution of 156 using a Multi-objective algorithm.
	F o			
	r		
	P		
		e e r		
		R e v i e w	
			O n
	Problem	Original Solution	Todd (1997)	FDAPCEA l y
	KUSIAK '91	7	6	6
	STEWARD '81	93	24	24
	AUSTIN '96	320	158*	157
		23		
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Table 2 -

 2 Comparative Results of Best Solutions to DSM problems.The results shown in section 6.2 have shown that the FDAPCEA is able to produce results at least as good as those reported to date, using only simple genetic operators. The sample improvement curves show that the algorithm is consistently able to release itself from flat spots in the improvement curve.

	6.3 Discussion of the Results.

The 'City' terminology is derived from the operator's previous application to the Traveling Salesman Problem.
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This paper is limited to the study of Binary type DSMs. DSMs are also utilized with numerical feedback values these being referred to as Numerical DSMs (NDSM).